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ABSTRACT

Cultural heritage data, particularly from colonial contexts, fre-
quently presents an incomplete and biased view, reflecting his-
torical institutional priorities more than contemporary knowledge
requirements. Consequently, knowledge graphs derived from these
records often contain incomplete, fragmented, and skewed data,
including absent attributes or values, missing semantic links, and
under-represented perspectives. This work addresses the challenge
of knowledge discovery under such limitations, presenting a real-
world case study on the provenance research of colonial cultural
heritage. We present a task-aware design method for building a tool
to facilitate this process. The design approach of this application
is rooted in a Knowledge Discovery in Database (KDD) frame-
work and is particularly novel due to its formalisation and opera-
tionalisation of three distinct types of semantic association: explicit,
abstract, and implicit. These semantic associations, grounded in
domain interpretation, are crucial for bridging data gaps where
user information needs cannot be directly met by existing data.
We further demonstrate how these associations can be effectively
communicated through user interface components, enabling users
to infer new knowledge. We evaluated the resultant application
through a user study among domain experts to assess its efficacy.
The evaluation confirms the effectiveness of the tool in enabling
new knowledge discovery and reveals opportunities to improve
the representation of the underlying data, as users could success-
fully infer insights even when information was missing or poorly
captured in the original data sets.

CCS CONCEPTS

« Information systems — Expert search; « Human-centered
computing — Information visualization.
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1 INTRODUCTION

Provenance research is a crucial field in cultural heritage studies, fo-
cusing on tracing the origins, ownership history, and movement of
objects across time and space [25]. It provides essential insights into
the ethical, legal, and historical contexts of heritage objects’ collec-
tions, particularly in cases of contested ownership, colonial acquisi-
tions, and restitution claims [20]. By reconstructing an object’s past,
provenance research helps museums, scholars, and policymakers
make informed decisions about collections, ensuring transparency,
accountability, and historical justice. The very nature of this pursuit,
however, presents a compelling challenge for the field of knowledge
discovery (KD) due to its pressing need for large-scale, structured
analysis across historically constructed datasets. These datasets
were often originally created for administrative or archival pur-
poses, not for investigative exploration of objects’ provenance, and
thus contain missing attributes, incomplete values, and fragmented
or implicit links between entities. Moreover, the data reflect the pri-
orities, perspectives, and limitations of those who recorded it over
the centuries, often resulting in under-representation of certain
viewpoints and a partial or biased account of historical events [28].
This makes “new” knowledge discovery from the existing database
for Provenance Research a non-trivial task, as it not only requires
query answering or pattern recognition, but also requires exploring
data quality, implicit semantic associations within the data, and
user or domain interpretation for knowledge inference, so that the
KD system can adapt to gaps and uncertainties of the data.
Knowledge Discovery is a key task advanced by Linked Open
Data (LOD) [13], especially as its adaptation grows in critical do-
mains, such as cultural heritage [29]. Beyond information retrieval,
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these studies demonstrate increasing demands for tools that support
open-ended exploration and insight generation. The inherently con-
nected structure of Linked Data encourages the “Follow-Your-Nose”
navigation style, supporting discovery through traversal [16]. Previ-
ous studies [5, 10, 30] have shown that LOD promotes serendipitous
outcomes in exploratory search, revealing unexpected but meaning-
ful connections. Exploratory search or Exploratory Data Analysis
(EDA) [26] is particularly valuable for users with evolving informa-
tion needs and unfamiliar with underlying data structure, helping
them discover patterns through iterative visualisation and sum-
marisation. Building on the broader framework of the Knowledge
Discovery in Databases (KDD) process [7], which includes data
preparation, pattern search, knowledge evaluation, and refinement,
this study focusses on KD through the lens of EDA, referring to it
as Exploratory Knowledge Discovery (EKD) [3].

In this paper, we tackle the challenge of enabling knowledge
discovery from incomplete, semantically fragmented and biased
knowledge graphs for colonial heritage object provenance research.
Through our case-study, we observe that the available knowledge
graph (KG) lacks key attributes, contains missing or misplaced
values, and fragmented links that hinder direct querying and auto-
mated reasoning for the domain’s information need. To address this,
we investigate: How can interesting knowledge discovery be supported
in Linked Data environments when data gaps and semantic fragmen-
tation prevent direct answers to provenance-related questions? To
answer this question, we contribute a three-part methodologically
grounded solution: (1) we design and implement a web application
based on the KDD framework that supports EKD for provenance
research, accommodating incomplete and fragmented historical
data from our case study. (2) Central to this application design is
our novel contribution: the formal definition and operationalisa-
tion of three types of semantic associations — explicit, abstract,
and implicit — which are grounded in domain interpretation and
designed to bridge data gaps. These associations systematically
model how human experts make sense of incomplete data. (3) We
further evaluate the resultant system through user study to assess
its effectiveness in facilitating knowledge discovery and uncovering
hidden knowledge within the given context.

This paper builds on two earlier short papers [21, 22] in which
we introduced the application and demonstrated its functionality. In
the current paper, we extend those works by formally presenting the
methodological foregrounding and design choices that guided the
development of the application, as well as the design and execution
of a user study to evaluate its effectiveness.

2 BACKGROUND AND RELATED WORK

Knowledge Discovery in Databases (KDD) [9] is defined as a multi-
step process for identifying valid, novel, potentially useful, and
ultimately understandable patterns in data, as outlined by Fayyad
et al. [7]. A key distinction between knowledge discovery (KD)
and data analysis (one step in KDD) lies in the notion of interest-
ingness, a measure that reflects the value of discovered patterns
through an analytical algorithm. EKD [3] extends the KDD pro-
cess by shifting the focus from algorithmic pattern extraction to
open-ended user-driven exploration, aligning with the tradition of
‘exploratory data analysis’ [26]. While KDD focusses on mining
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alporithmic patterns, EKD foregrounds human-led discovery via
visual interfaces. Consequently, we use the term ‘findings’ rather
than ‘patterns’ to describe the outcomes of the EKD - observa-
tions or associations formed through exploration that contribute
to contextual understanding [19]. Unlike patterns, findings do not
need to be generalised or formalised rules; instead, they capture the
nuanced, contextual, and often serendipitous nature of knowledge
discovery that EKD systems are designed to support.

We hypothesise that EKD is an appropriate methodology for
addressing the multifaceted challenges inherent in the incomplete,
biased, and fragmented nature of the data. The core strength of EKD
lies in its ability to facilitate robust and trustworthy KD by actively
involving the human user in an iterative and interpretive process,
which is crucial when users have limited understanding of the data
in advance [26]. This approach enables users to navigate inherent
data uncertainties, iteratively form hypotheses, and leverage their
domain expertise to bridge gaps and validate insights, thus leading
to more reliable conclusions. Furthermore, EKD directly supports
the human interpretive processes essential for deciphering the im-
plicit meanings and relationships within the fragmented dataset,
offering tools and interfaces that scaffold the conversion of tacit
human understanding into new knowledge [3], making reliable and
comprehensive discoveries possible even from demonstrably incom-
plete knowledge graphs. Therefore, the justification for adapting
EKD as a knowledge discovery process in the given context.

Given the broad body of work on Exploratory Knowledge Dis-
covery (EKD), several previous studies have influenced our research.
The open-world and interconnected nature of Linked Data makes it
a natural fit for EKD tasks. However, SPARQL query alone may not
be well suited for inexperienced user in exploratory tasks, various
approaches have been proposed to augment semantic portals, most
commonly through faceted search interfaces [11, 27], or visual ex-
ploration techniques [4]. Multiple studies have also explored the
potential of Linked Data to support serendipitous knowledge dis-
covery [5, 10, 16, 30]. Despite these advancements, there is a lack
of systematic methodologies and tools for knowledge discovery
from knowledge graphs with incomplete, fragmented, and skewed
data. More specifically, existing work does not address how domain-
specific requirements can be structurally incorporated even when
user information needs cannot be directly queried given the scope
of the dataset. In this paper, we present a tool design approach to
address this gap. Using colonial object provenance research from a
real world case study, we demonstrate how our designed system
supports EKD and provides concrete examples to facilitate insight
generation, uncover hidden relationships, and support complex
research tasks in data-fragmented domains.

This work uses Sampo-UI [15, 18], a well-established and reusable
framework and part of the Sampo Model [12] to build semantic
portals for cultural heritage, as shown by more than 20 in-use appli-
cations!, such as BookSampo [2] and ParliamentSampo [14]. These
systems underscore the benefits of semantic data reuse, shared on-
tologies, and faceted exploration integrated seamlessly with data
analyses. Our work expands Sampo-UI's potential by addressing
the challenge of bridging data gaps in KG by capturing and oper-
ationalising implicitly understood meanings and relationships by

!See https:/seco.cs.aalto.fi/applications/sampo/ for further information and links.
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domain experts in historical data. This work formally defines and
implements various types of semantic association (explicit, abstract,
and implicit). These associations cannot always be directly identi-
fied from the data, but instead necessitate domain interpretation
for their identification and utilisation.

3 METHODOLOGY

In this section, we present a design approach for developing an
EKD application in Linked Data environments, particularly suited to
datasets characterised by missing attributes or values, fragpmented
semantic links, and skewed information. Assuming that the Linked
(Open) Data is already available, we focus on the downstream dis-
covery pipeline, which we structure into five stages that are subse-
quently compared to the KDD steps of Fayyad et al. [8].

Stage-1: User Requirement Analysis. The first steps in the KDD
process involve understanding the application domain, prior knowl-
edge, and user goals. To integrate domain-specific knowledge and
user goals into the KD process, we propose repurposing competency
questions (CQs) [31], which are traditionally used to define ontol-
ogy requirements and guide system design. This reuse is grounded
in the value of CQs for articulating core domain concerns and
identifying key entities and relationships in KG. In cases where
information needs cannot be met directly by answering CQs due
to missing attributes, information gaps, or fragmented links, we
argue that CQs can yet serve as a navigational guideline within
the exploratory process. They provide a foundation for exploration
that can be further supported by interactive user interfaces that
enable iterative refinement, branching paths, and interpretive rea-
soning for users. This interplay between structured inquiry and
flexible navigation not only facilitates targeted exploration but also
allows for the emergence of serendipitous and previously unfore-
seen insights. Even in EKD settings, grounding discovery in the
domain context is essential [3], as user goals and knowledge shape
meaningful exploration. Domain-informed design choices, such as
specific semantic filters and entity associations, help ensure that the
system supports both targeted inquiry and serendipitous insight.

Stage-2: Identification of Entity Types and Semantic Associa-
tions of Interest. At this stage, we consider identifying key entity
types that reflect domain-specific requirements derived from CQs.
These include both the user’s inquiry focus - referred to as target
entities — and the supporting entities that provide the necessary con-
text or information to address the CQ. For example, in the question
“What is the production date of Object X?”, the production date
represents the target entity, while the object (Object X) serves as a
supporting entity. Together, these define the relevant entity types of
interest for exploration. To assess whether the KG can support such
queries, we recommend inspecting the available Linked Data using
resources such as RDF schemas, SHACL shapes, or graph statistics
- whichever are accessible - to gain a structural understanding of
the data and discard entity types of interest if the Knowlege Graph
(KG) do not have such entities. These operations align with the
steps of data selection and pre-processing and cleaning in KDD.
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Building on the identification of relevant entity types of interest,
our methodology systematically uncovers interesting semantic as-
sociations and their corresponding domain questions. As detailed
in Process 1, this process takes the previously identified entity types
of interest, E, as input. Then it generates all unique pairwise com-
binations of these entity types. For each pair, a natural language
question is manually constructed based on semantic coherence
given the data. Crucially, these questions are then presented to a
domain expert, who assesses their relevance within the specific
domain context. If the expert confirms a question’s relevance, the
corresponding entity pair is added to a set of interesting semantic
associations, and the question itself is added to a set of interesting
domain questions. This expert-validated process ensures that the
identified semantic associations and questions are not merely que-
riable, but useful for guiding deeper EKD within the domain.

Process 1 Identifying Interesting Semantic Associations and Do-
main Questions

Input: Entity types of interest E
Output: Set of Interesting Semantic Associations A, Set of Inter-
esting Domain Questions A
1: P« {(e1,e2) | €1,e2 € E} {All 2-element combinations}
2z A0
2 D0
4: for all (e1,e2) € P do
5:  Generate natural language question Q for (eq, e2)

6:  if Q is structurally and semantically valid then
7 Ask domain expert if Q is relavent

8 if Expert confirms then

9: A<—AU{(81.32)}

10: D«—DUQ

11: end if

122 endif

13: end for

14: return A and D

Stage-3: Mapping Semantic Association to Ul Components. Our
approach categorises semantic associations into three distinct types,
based on the interpretation required to answer their corresponding
domain questions. (1) Explicit associations are those semantically
defined by the schema of the knowledge graph, which allows them
to be answered by SPARQL queries without further domain in-
terpretation. E.g., <objectX, producedBy, personY=. Our pipeline
mainly uses these associations for faceted search and filtering mech-
anisms [27], empowering users to refine results based on explicitly
modelled relationships. (2) Abstract associations represent high-
level relationships that are not semantically represented in the data
schema but can be structurally derived by domain interpretation.
For example, given <personX, participatedIn, EventA> and <per-
sonY, participatedIn, EventA=>, based on domain interpretation, the
semantic association can be drawn <personX, relatedTo, personY>.
These associations are computed at runtime using SPARQL queries
based on domain-informed graph patterns. These associations are
useful for intuitive exploration through hyperlinks, fostering a
“follow-your-nose” style of exploration [32]. Finally, (3) Implicit as-
sociations are the most challenging, as they are not structurally
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represented in the knowledge graph and therefore cannot be re-
trieved via SPARQL. Instead, they are inferred by users through
analysis of visual patterns and contextual cues. For example, “Are
there any patterns in object acquisition from PlaceX by ActorY
around TimeZ, suggesting connection to EventA?”. To make these
possible, our approach integrates exploratory analytics tools [26]
such as timelines, maps, and network diagrams, which enable users
to perceive associations based on visual proximity or co-occurrence.
This conceptual mapping largely guides our interface design and
operationalise these different types of semantic association.

This identification and communication of semantic associations
are analogous to the data mining and pattern interpretation stages
of the traditional KDD process, which are modified to support EKD
and meet data requirements. User interaction with all these different
types of semantic associations is vital for KD in incomplete, biased,
and fragmented knowledge graphs, when CQs cannot be answered
directly. The exhaustive pairwise construction of semantic associa-
tion and consequently domain questions from the previous stage
enables a more holistic opportunity for KD, surfacing explorative
and interpretive insights beyond initial CQs. By formalising these
diverse association types, we provide varied interaction strategies
that allow users to leverage existing data more comprehensively,
move from direct retrieval to expert interpretation, and thereby
reveal hidden potential in incomplete datasets.

Stage-4: Evaluation. To evaluate effectiveness of the designed
EKD system, our pipeline incorporates a user study to determine
if the findings discovered through the designed system are “in-
teresting” for the intended end user, ultimately resulting in KD.
This evaluation is grounded in understanding that interestingness
is considered a core measure of KD [24]. Since interestingness is
inherently a subjective measure, user feedback becomes essential
for assessing whether the system achieves its goal of enabling KD.
During the evaluation phase, the approach addresses the follow-
ing questions: (1) Do users discover findings that they consider
interesting through the portal? (2) If so, what particular features
facilitate such discoveries? (3) Do users’ perceptions of “interest-
ingness” align with our operational definition? Finally, (4) How can
the system be further refined to enhance its effectiveness?

Qur approach to assess user-perceived interestingness during ex-
ploration uses the free recall method [17] along with the think-aloud
protocol [1]. Participants are encouraged to navigate the designed
system autonomously, driven by their own curiosity, while con-
tinuously verbalising their thoughts and noting any findings that
they deem interesting. To operationalise “interestingness”, we draw
upon the definition by Silberschatz et al. [24], focussing on two
key dimensions: (1) usefulness, where a finding enables meaningful
action (actionability), and (2) unexpectedness, when a finding is sur-
prising. To align user perceptions with this definition, participants
were asked to evaluate each listed findings by rating their agree-
ment with given statements on usefulness and unexpectedness
using a 5-point Likert scale (ranging from -2 for strongly disagree
to +2 for strongly agree). A positive score in either statement sig-
nifies a successful knowledge discovery. Beyond these structured
evaluations, we also gather feedback through qualitative observa-
tion of user interactions, allowing us to pinpoint usability issues,
areas of confusion, or misinterpretations. Following the exploration
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session, participants provide additional structured and open-ended
feedback, offering suggestions and recommendations. This compre-
hensive input is invaluable for guiding iterative improvements in
the system’s usability, reliability, and its overall support for EKD.

4 USE-CASE IMPLEMENTATION

Provenance research is a multidisciplinary effort focused on tracing
the ownership history and historical context of cultural objects [25].
This task becomes particularly challenging in the context of collec-
tions from the colonial era, where the data available in the museum
database are often fragmented, incomplete, and biased [28]. In such
contexts, the overarching task, which is reconstructing objects’
biography, becomes exploratory. Users, such as curators, histori-
ans, and provenance researchers often find that the questions they
want to ask to the databases system cannot be answered through
straightforward queries given the shortcoming of the data. Even
when relevant information exists, it is often hidden within implicit
relationships or scattered across the database. As a result, users
often find themselves engaged in a process of sense making: mining,
connecting, and interpreting data to uncover hidden associations.

Table 1: Key entities, representative classes and instance
counts in the dataset

Entity Types CIDOC-CRM Classes Number of Instances
Object E22_Human-Made_Object 1,039,164
Production E12_Production 658,715
Production Actor E21_Person, E74_Group, E39_Actor | 4,866
Production Place - 5,730
Production Time-period ES2_Time-Span 997 786
Historical Event ES_Event 328
Acquisition Event EE_Acquisition 1,161,521
Acquisition Time-period ES2_Time-5pan 662,273
Transfer of Custody Event | E1@_Transfer_of_Custody 174,967
Provenance Actor E21_Person, E74_Group, E39_Actor 17,099

In this section, we implement the EKD application following
Section 3 for provenance research case study and using existing
datasets. We use data from the Wereldmuseum?, initially recorded
in The Museum System (TMS)?, and later Linked Data published
through the Colonial Collections Data Hub®. TMS data, often con-
verted from physical index cards, are curated by museum experts.
So, data may refer date back centuries or be updated with new
research insights, reflecting personal or institutional viewpoints.
TMS, supported by a relational database, is limited in comprehen-
sively documenting provenance events, such as transfer of cus-
tody or acquisition details, which is critical for provenance re-
search. The Colonial Collections Data Hub has published Wereld-
museum’s TMS data as Linked Data with a public SPARQL end-
point®, enhancing access and structure of object metadata through
CIDOC-CRM [6] alignment. The Linked Data supports structured
provenance metadata and includes events like E8_Acquisition
and E10_Transfer_of_Custody. However, the underlying TMS
database lacks detailed event-centric metadata documentation, lim-
iting representation of these provenance events and resulting in
sparse provenance information (see Table 1).
2Wereldmuseum webpages: https://\{amsterdam/leiden.rotterdam\}.wereldmuseum.nl
FIMS: hitps://www.gallerysystems.com/solutions/collections- management/
qulunia] Collection Hub data portal: https://data colonialcollections.nl
"Wereldmuseum Linked Data endpoint: hitps://api.colonialcollections.nl/datasets/
nmvw/collection-archives/spargl
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4.1 User Requirement Analysis

We gathered user requirements to understand the information needs
of provenance research on heritage objects as a form of competency
questions (CQs). These CQs were derived from a previous study
[23], which was developed through interviews with five museum
professionals. Among them were three provenance researchers and
two postdoctoral researchers with backgrounds in ethnographic
collections. All interviewees had deep domain expertise in different
geographic or historical contexts, ranging from East Africa, Central
and Southern Africa, and Asia to missionary collections and human
remains. These competency questions serve as the basis for further
exploratory analysis. The CQs are presented in Table 2, identifying
the entity types of interest.

Table 2: Competency Questions from previous paper with

entity type of interest in bold.

CO-1 Which p were involved in the p e of this object?

Q-2 Which objects are collected by person A7

-3 Is there a relationship between person A and person B?

CO-4 Which objects were collected in this geographical location?

-5 Which objects were collected during this (historical) event?

CO-6 Which objects were collected in this geographical location during this time
period?

Q-7 Which source states this stalement?

-8 ‘Who or which institution conducted this research?

Q-9 Which is the latest version of the provenance research?

4.2 Identification of Entity Types and Semantic
Associations of Interest

By examining the graph statistics of the dataset (Table 1) and the
repetition of entity types in the competency questions, we iden-
tified five primary entity types of interest. These include: (1) Ob-
ject, instances of E22_Human-Made_Object, which denotes her-
itage objects in the museum and serves as the central node in
the data; (2) Actor, described using E39_Actor, E21_Person, and
E74_Group, encompassing individuals, institutions, or groups in-
volved in the creation, acquisition, or transfer of custody of objects;
(3) Event, referring to historical events influencing the object’s
provenance expressed as E5_Event; (4) Time, which contextu-
alises object creation and acquisition event, expressed as E52_time-
span; and (5) Place, representing geographical locations linked
to the object’s biography. Entity types, i.e., E8_Acquisition and
E10_Transfer_of_Custody, though frequent in the data and vital
for modelling object provenance, were not directly mentioned in
user-defined competency questions and lacked relevant attribute
values. Therefore, we do not classify them as entity types of interest
from a user-driven exploration perspective. Note that, we do not
consider CQ7-9, as the current dataset does not support that.

After identifying five core entity types of interest, E = {Object, Actor,

Historical Event, Time, Place}, we explored all subsets of two enti-
ties to establish binary associations as described Section 3 stage 2.
This resulted in ten unique subsets and five additional same-type as-
sociations (e.g., Object-Object), totaling 15 combinations for seman-
tic associations. For each pair, we developed domain-relevant ques-
tions based on potential associations and validated by a domain ex-
pert. We disregarded few combinations ({place, place}, {time, time})
due to their inability to meaningfully create any domain-specific
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question. Given the data scope in Table 1, not all CQs can be directly
addressed. For instance, events like E10_Transfer_of_Custody
and E8_Acquisition lack a place connection, preventing direct
answers to CQ-4 or CQ-6. However, examining the {place, object}
pair can offer indirect insights. Here, ‘place’ refers to the produc-
tion location or Place of Origin of the object, not its collection spot.
Identifying such implicit associations is important. Some domain-
questions directly answers to CQs and some help address them.
This mapping of domain-questions to CQs is shown in Table 3. We
determine which type of semantic association, explicit, abstract, or
implicit, answers the questions based on the data structure.

4.3 Mapping Semantic Association to Ul
Components

The data, though modelled using CIDOC-CRM for event-centric
representation, come from a museum collection system focused on
object cataloguing. Consequently, the resultant knowledge graph
is predominantly object-centred. Provenance events such as pro-
duction, acquisition, and transfer of custody are linked to objects
through relevant CIDOC-CRM properties, and these events in turn
are associated with various attributes such as places, times, and
involved actors. Historical events are expressed with a property
chain crm:P141i_was_assigned_by / crm:P141_assigned con-
necting to objects. Since most entities are directly connected to
objects or linked via production and provenance events, many of
the associations involving objects has explicit association. Exam-
ples of these associations include: {actor, object}, {event, object},
{time, object}, and {place, object}. To support this, we simplify cer-
tain property paths by introducing direct links. For example, the
path crm:P1@8i_was_produced_by / crm:P14_carried_out_by,
which indicates the maker of an object, was replaced with direct
property ex:maker which results which ultimately alter the data
model and made accessible via a dedicated SPARQL endpoint®”.

For certain entity combinations, i.e., {actor, event}, {actor, time},
{actor, place}, {event, time}, and {event, place}, {actor, actor}, there
is no semantic path between these entities based on existing on-
tology. However, domain-interpreted connections can be inferred
through intermediate entities, typically via the object. For example,
if a historical event attributed to object collection and an actor is
linked to that object (e.g., as collector), a <relatedTo> relationship
or abstract association between the actor and the historical event
can be drawn based on domain reasoning.

For entity combinations where no direct or logically inferred
path can be established through SPARQL queries, but semantically
interesting associations may emerge through underlying data pat-
terns, are considered for implicit association. For example, {time,
place} combination, there might be a trend in the place of origin
and the object acquisition date that we cannot establish through
graph patterns, but using visual analytics. Same goes for {place,
event} association from the data pattern relation can be drawn.

Implementation of the semantic portal Following these de-
cision, we implemented PM-Samro, a web application built on

“Data endpoint: http:/1dLfi/pm-sampo/spargl
"Data and its documentation: https:/github.com/Shoilee/PM-SampoDataManager
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Table 3: Overview of semantic associations, corresponding domain questions (with referring CQ), and PM-Samro Ul components
supporting those. The related UI components are implemented under the entity perspective that is mentioned in bold.

Entity Pair Type of S ic D in-Q User Interface (UT) Components
Association
actor, object Explicit Which objects were acquired from actor A? (CQ-2) Faceled search in object perspective.
actor, object Abstract Which actors were involved in the provenance of this object? (CQ-1) Object instance page, provenance lab.
actor, object Explicit Which objects are connected with the same actor? (CQ-2) Actor inslance page, object lab OR Filter by actor in objects
perspeclive.
event, object} Explicit Which objects were collected during a given historical event? (CQ-5) Faceted Search in objects perspective.
[place, object} Explicit Which objects were collected from a given place of origin? (CQ-4) Map visualisation of place and objects.
time, object Explicit Which objects were acquired during a given year? (CQ-6) Timeline with objects and acquisition dates.
actor, evenl Abstract Which historical events is this actor altributed to and with which role? (CQ-5) Event tab in actor instance page with roles.
actor, evenl Abstract Which actor are related to objects attributed 1o a historical event? Instance tab of actor in evenl inslance page.
actor, lime} Abstract & Implicit Whal is the common acquisition lime for objects collected by this actor? (CQ-2) | Timeline of (objects’) acquisition filtered by actor.
actor, lime} Abstract & Implicit Which actor is associated with the highest number of acquisitions in years with | Actor vs (objects’) acquisition timeline.
significant acquisition activity? (CQ-2)
actor, place} Abstract & Implicit What are the places this actor has collected objects from? Map of objects’ collection locations by actor.
time, event) Abstract & Implicit What are the ¢ acquisition lmes attributed to a historical event? (CQ-5) Objects acquisition limelines filtered by event.
[place, event} Implicit What are the common places of origin for objects attributed to a given historical | Heatmap showing object-place of origin correlations fil-
event? (CQ-4) tered by event
{time, place} Implicit How did the geographical patterns of object collection change over time? (CQ-6) | Ani 1 map with Objects’ place of origin and timeline
{actor, actor} Abstract & Implicit Is there any relation between actor A and actor B? (CQ-3) Actor-actor network graph.

the Sampo-UlI framework [15, 18]% which offers a strong base for
JavaScript-based Linked Data applications with minimal customi-
sation. The framework allows developers to reuse components
such as faceted search, data tables, and visualisations through a
specification-based configuration. Following the Sampo model [12],
our portal uses a SPARQL endpoint for data integration, which
supports modular development. In Sampo-UL each entity type of in-
terest can have perspective, which is a faceted semantic search view
for filtering and exploring instances of the perspective class(es). Ini-
tially, we considered 5 different perspectives: Object, Actor, Histor-
ical Event, Time, and Place. However, Time and Place perspectives
were excluded because they are mainly attributes of other enti-
ties. Each perspective involves two main types of Ul components:
(1) Faceted search components to filter instances of the perspec-
tive class(es) using explicit semantic association. Facets include
attributes and other related entities with dynamic hit counts. (2)
Visual components for filtered results through tools such as maps,
timelines, networks, and tables for semantic exploration.

For the explicit and abstract association depending on the selected
application perspective, one entity is treated as the target entities,
and the others are implemented as faceted filters or supporting
entities. For abstract association, these connection also visualised
on instance pages of individual perspectives (e.g., Actor and Histor-
ical Events) through “Related {Entity}” tab, improving user access
to inferred relationships. For all types of association, but mostly
for implicit association we try to surface their association through
the implementation of visual analytic tools. For instance, the {time,
place} association is communicated through animations to highlight
spatio-temporal patterns. Detailed mappings examples are provided
in Table 3. Furthermore, data enrichment processes were applied,
such as, GeoNames data extraction through federated query, to
allow geospatial mapping by associating latitude and longitude co-
ordinates with relevant production places. An online demonstrator
of the PM-SAMPO is available on-line?; and the source code for the
demonstrator has been released on GitHub'’.

#Sampo-Ul home: hitps://seco.cs.aalto fi/tools/sampo-ui/; Github: https:/github.com/
SemanticComputing/sampo-ui

?PM-Sampo online demonstrator: hitps://pmsampo.demo.seco.cs.aalto fi/
"pM-Sampo source code: https:/github.com/Shoilee/PM-Sampo

4.4 Evaluation

User-study Our user study assessed the knowledge discovery po-
tential of PM-Samro with five cultural heritage professionals: three
provenance scholars and two data registrars. These participants had
1-7 years of experience with museum databases and 3-10+ years in
provenance research, and were familiar with the Wereldmuseum
collection and TMS data challenges. We analyse observational data
and survey responses to address four key evaluation questions (Sec-
tion 3, stage-4). The study used a subset of 26,180 Wereldmuseum
objects’ metadata, choosing objects those documented as related to
historical events for their higher data quality. A pilot session refined
the user study protocol, with all materials publicly available!!.
The study began with an overview, informed consent, and a brief
demographic questionnaire. User interaction with PM-Samro was
evaluated through two perspectives: “objects” and “actors”. Each
perspective involved a video demonstration (15 minutes for objects,
7 minutes for actors) followed by 10 minutes hands-on exploration.
Participants were asked to identify and list five “interesting find-
ings” — new facts, patterns, connections, or insights — following
their own research interests or curiosity, starting with specific filter
facets. Qualitative observations during the session captured navi-
gation, moments of curiosity, and noted any inconsistencies, bugs,
or features used. This process were repeated for two perspectives.
The study concluded with a structured survey on: (1) Interesting-
ness Assessment: Participants rated the usefulness and unexpected-
ness of their findings (1-10) on a Likert scale (-2 to +2). (2) Tool Eval-
uation: Participants rated their agreement with four statements on
PM-S5aMp0’s overall effectiveness in supporting exploratory knowl-
edge discovery (EKD), using the same Likert scale: (Q1) I would
consider using PM-SamPo in my own research for exploring heritage
object provenance. (Q2) I think PM-Samro has potential to uncover
relationships or insights I might not have discovered otherwise. (Q3)
I plan to use PM-SAmMro in my future research to support knowledge
discovery. (Q4) PM-Samro enables exploratory analysis that aligns
with my research interests. Finally, participants provided additional
comments, suggestions, and listed the three most useful features.

"yser-study protocol, materials and results: hitps://doi.org/10.5281/zenodo.15423716
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Results Do users discover findings that they consider interesting
through the portal? All participants overall documented 36 unique
findings, averaging about seven per participant, demonstrating
the portal’s ability to facilitate interesting discoveries in under 20
minutes. Observations revealed that the portal triggers curiosity,
leading to semantic exploration. For example, a participant (P1)
noticed a surge of objects from Morocco, as illustrated in the Place
of Origin map. This initial burst of interest, triggered by an implicit
association, prompted the user to use the facet filter for “Place
of Origin: Morocco” to find the main contributor: J.E. (Josephine)
Powell, thus hinting an {actor, place} connection. This indicates
that the portal aids users in transitioning from visual insights to
structured queries. More such observations are available in the
Zenodo repository.

What particular features facilitate such discoveries? All partici-
pants began their exploration with the Production Places view of
object perspective. This was primarily because it allowed them to
visually locate geographic areas of interest and to see how many
objects the museum holds from that region. Although the place of
origin was recorded using regional labels, the map visualisation
grouped objects by precise locations and provided count-based in-
dicators. These visual cues often triggered participants’ curiosity,
prompting deeper investigation. Another widely appreciated fea-
ture was the “Connected Historical Event” connection. Participants
noted that it helped them uncover high-level or abstract associa-
tions between actors and historical events, revealing underlying
contextual links that were not immediately obvious. In addition, the
Actor-Actor Network was met with enthusiasm. It allowed users
to trace relationships between individuals, making the exploration
of social and professional connections more intuitive. As P5 stated,
“I am quite enthusiastic about the network views. I think the most
logical way to understand people is also through connections”

Do users’ perceptions of “interestingness” align with our operational
definition? In Figure 1, participants frequently described their find-
ings as both useful and unexpected. In three instances (unexpect-
edness = 2), participants stumble upon the finding by chance while
navigating the portal and found it to be directly relevant to their
research interests. The largest group of findings (unexpectedness =
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Figure 1: Agreement scores for the 36 findings, plotted across
two measures of interestingness: unexpectedness (X-axis)
and usefulness (Y-axis).
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1 and usefulness = 1 or 2) happens when they encountered previ-
ously unknown connections between actors and objects, unnoticed
production place patterns, or temporal insights enabled by data
summarisation, visualisation or semantic linking, they would not
otherwise noticed. In four of the six cases (unexpectedness=-1 and
usefulness = 1), addressed known gaps in the museum’s database.
Participants found such insights valuable, as they either helped
update existing records or pointed to opportunities for further re-
search to enrich the data. Overall, the responses on the Likert scale
revealed that the perceptions of the participants of ‘interestingness’
were closely aligned with our operational definition. This was re-
flected in the average score of the two dimensions being more than
zero: unexpectedness (0.4+1.063) and usefulness (1.14+0.733).

How can the system be further refined to enhance its effectiveness? :
User-study also shed light on improvement areas to better meet user
needs. A key issue was the challenge of navigating object origins,
as place names are often recorded at highly local levels that users
find unfamiliar. This calls for a hierarchical system for browsing
places, sortable in alphabetical order, alongside a place perspective
that displays related objects, historical events, and connected actors.
Participants also recommended clustering objects by internal id,
a requirement that surfaced only during the user-study and was
previously unknown to the author. Furthermore, adding hyperlinks
to all visual summaries would be beneficial, as users often wish
to click on points of interest expecting to find more information.
Bidirectional relationships should visualise connections from both
entity perspectives, which were initially unavailable. For instance,
while historical events are linked from an actor’s instance page,
the reverse link was missing. Additionally, there are conceptual
confusions, especially with acquisition dates (date object acquired
by the museum) being mistaken for collection dates, underscoring
the necessity for clearer labels and informative cues. Participants
also suggested features such as a global search to ease exploration.
These insights inform strategic enhancements to better support
scholarly provenance research.

Overall tool’s effectiveness Post-study survey on the tool’s evalu-
ation reveals a high demand for semantic exploratory systems in
cultural heritage provenance research, as reflected in participant
feedback. All participants strongly agreed that PM-SAMPo supports
exploratory analysis relevant to their research (Q4), and they would
consider using PM-Sampo for exploring heritage object provenance
(Q1), noting its potential to uncover relationships or insights they
might not have discovered otherwise (Q2). Furthermore, 3 partici-
pants were open to using PM-5AMPO in their research (Q3), while 2
were cautious due to incomplete nature of data. Overall, the user
intent indicates the tool’s relevance and applicability in supporting
knowledge discovery in provenance research.

In conclusion, the user study confirms the effectiveness of PM-
SAmMPO in supporting KD, with participants consistently identifying
insights that were both useful and unexpected, aligning with our
operationalisation of “interestingness”. This is largely enabled by
interface features, such as intuitive network graphs, interactive
maps, and informative timelines, which allow users to traverse
complex relationships and identify patterns previously hidden by
exploring explicit, abstract, and implicit semantic associations. Ob-
servational and qualitative findings reveal three pathways to KD:
(1) curiosity-driven (novel), (2) accidental or serendipitous (novel
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and unexpected), and (3) belief-challenging (unexpected), with ex-
amples available in the Zenodo repository—highlighting the tool’s
ability to support both systematic and serendipitous insight.

5 CONCLUSION

In this paper, we address the challenge of enabling knowledge dis-
covery (KD) in the context of provenance research, where data
are often incomplete, semantically fragmented, and historically
biased. Grounded in the Exploratory Knowledge Discovery (EKD)
paradigm, we proposed a novel, domain-centric design approach
to support insight generation in Linked Data environments where
direct querying is insufficient for addressing complex, interpretive
research tasks. The evaluation highlights the general acceptability
of the tool for its intended KD purpose and confirms the demand
for systems that enable open-ended semantic exploration in cul-
tural heritage research. In addition, the ability of the portal to show
information gaps transforms limitations into opportunities for en-
richment, strengthening its value in iterative research workflows.
This work offers both a methodological contribution to cultural her-
itage and KD communities and a practical tool to advance the study
of provenance in ethically and historically significant contexts.
Qur pipeline was designed with modularity in mind to facilitate
reusability and reproducibility across domains. Although our design
approach proved successful in this domain, it would be valuable to
test its applicability in other domains to assess its generalisability.
Overall, this work serves as a proof-of-concept demonstrating how
EKD can enhance the utility of knowledge graphs with data gaps
by adopting a structured and domain-centred approach. The work
contributes toward the development of richer, more transparent,
and context-sensitive knowledge ecosystems.
Acknowledgement: Thanks to the participants of our user
study for their time, feedback, and engagement, which greatly
contributed to the evaluation and refinement of our web application.
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